ABSTRACT This paper develops the models that can be used in different flight scenarios to retrieve the wind speed using the width of the normalized delay waveform (NDW). First, the factors that influence the NDW width, including the wind speed, wind direction, flight height, and elevation angle, are analyzed. The contribution of each independent variable to the regression is explored. The results show that the wind speed, flight height, and elevation angle contribute more significantly than the wind direction so the wind direction can be ignored in the model. The multiple regression, in which the function terms of NWD width, flight height, and elevation angle above are taken as independent variables and wind speed is taken as the dependent variable, is proposed to develop the model of retrieving wind speed. Through the simulation, a root-mean-square error (RMSE) over 3 m/s can be obtained. In order to improve the retrieval performance, a Back-Propagation (BP) network is trained as an alternative to the analytical models above. Better performance is achieved with an RMSE less than 2.5 m/s under the same conditions with the analytical model. The errors of retrieved wind speed are analyzed. The conclusions are that: 1) both analytical model and BP network have inherent regression biases, especially for high wind speed from 15 to 20m/s so that at wind speeds higher than 16 m/s, the tendency for retrieval accuracy to rapidly become worse appears and 2) the number of incoherent averaging should be over 1000 to reduce the impact of thermal and speckle noise. At the end of the paper, airborne data are processed to retrieve wind speed utilizing proposed models and the matching method to compare in-situ wind speed from the National Centers for Environmental Prediction (NCEP) Climate Forecast System (CFS). By comparing the retrieval results, the proposed methods could obtain the accuracy with the same level of matching method.
I. INTRODUCTION
Reflected Global Navigation Satellite System (GNSS) signals, which represent a new type of passive remote sensing that was firstly proposed by Martin-Neria in 1993 [1] , are useful for observing Earth parameters. Over the last twenty years, this method has been demonstrated to be capable of sensing parameters such as ocean wind speed [2] , [3] , significant wave height (SWH) [4] , [5] , ocean altimetry [6] - [8] , and soil moisture [9] , [10] through theoretical analysis and massive ground-based, airborne, and spaceborne experiments. New applications of reflected GNSS signals are being proposed and verified, such as the determination of dry snow depth [11] , sea ice thickness [12] , mapping flood inundation [13] , the detection of oil slicks [14] , and bi-static
The associate editor coordinating the review of this manuscript and approving it for publication was Gerardo Di Martino. synthetic aperture radar (BSAR) imaging [15] . Compared with traditional remote sensing approaches, the power and mass requirements of GNSS-reflectometry (GNSS-R) are significantly lowered since there are no transmitters in the receiving terminal. In addition, for spaceborne GNSS-R, the biggest advantage is the high temporal and spatial resolution due to the existence of massive GNSS satellites in orbit and launched [16] . The GPS reflected signals acquired by UK-DMC satellite have been used to retrieve the wind speed [17] . Other space missions for GNSS-R wind speed application are still under study, such as UK TechDemoSat-1 (TDS-1) [18] , and CYGNSS of NASA [19] .
Wind speed is an important parameter as it describes the sea state in marine activity. In 1998, the observation of wind speed by GNSS-R was firstly demonstrated by Garrison et al. [20] . Zavorotny and Voronovich [21] established the theoretical correlation waveform of reflected GNSS signals, which was described as a function of the geometrical and wind fields. That work suggested the feasibility of determining wind speed by utilizing a measured waveform to match the theoretical one. Several studies have been performed to verify the correctness of the method based on waveform matching [22] , [23] . The alternative approach is to directly link the wind field with a defined observable, such as volume, area, and asymmetry metrics of a delayed waveform (DW) or delayed Doppler map (DDM) using an empirical model [24] , [25] . The matching method could be used in different flight scenarios, however, this method involves significant computation time and cost. Moreover, to align measured and theoretical waveforms, a point that is invariant with varying wind speed in the waveform is required. The empirical model is a time-efficient method, however, for airborne GNSS-R, flight height and elevation angle also influence observables, as far as authors know, existing models proposed by previous works ignored those impacts so that they were limited in specific flight scenarios and could not be used in different scenarios.
In this paper, the normalized delay waveform (NDW) width is taken as an observable to retrieve wind speed.
To explore the models that are appropriate for different flight scenarios, the factors influencing NDW width, including the wind speed, wind direction, flight height, and elevation angle, are analyzed and linked with the NDW width using the singlevariable function. Then, an empirical model to retrieve wind speed is obtained by regressing NDW width, flight height and elevation angle to wind speed. To get a better retrieval performance, the Back-Propagation (BP) neural network is trained because of its advantage in approximating non-linear models. In Section II, the theoretical model of delay waveform is reviewed. Section III gives the definition of observable and the influence factors influencing NDW width are analyzed and linked with NDW width using the single-variable function. Section IV develops an analytical model based on multiple regression and trains a BP network to replace the analytical model to improve the retrieval performance. The error of retrieved wind speed is discussed in Section V. Section VI describes an airborne experiment, and the wind speeds retrieved by utilizing two proposed models and the classical matching method are compared with the in-situ wind speed from NCEP-CFS. Section VII presents the conclusions of this paper.
II. DELAYED WAVEFORMS
The theoretical model which describes the DWs of reflected GNSS signals was developed in [21] , and was derived using Kirchhoff approximation and the bi-static radar equation. The waveforms at different delays τ can be expressed as
σ 0 (r)dr (1) where T c is the coherent integration time; P T and G T are the transmitted power and the antenna gain of the satellite; λ is the carrier wavelength; L f is the atmospheric attenuation; S is the effective scattering surface area which is called the glistening zone; G r (r) is the antenna gain of the receiver at the scattering unit r, here, is modeled by Gaussian function as
where G 0 is the peak gain of the receiving antenna; σ φ is a function of 3dB width of the antenna B 3dB as B 3dB / √ ln 2; and φ (r) is the included angle between the pointing direction of the antenna and the scattering direction of scattering unit r.
R r (r) and R t (r) are the distances from the receiver and satellite to the scattering unit r; f r is the Doppler frequencies of the local carrier; τ (r) and f (r) are the delay and Doppler frequency for signals traveling between the satellite, receiver, and scattering unit r; Sa(f ) is the sinc function and is defined as Sa(f ) = sin(πf )/πf ; and σ 0 is scattering coefficient [21] .
where R is the Fresnel reflection coefficient which depends on polarization, the complex dielectric constant of sea water, and the incident angles of signals; q(r) = q ⊥ (r), q z (r) is the scattering vector at the scattering unit r, which is related to the geometry among the satellite, receiver, and scattering unit; P pdf represents the probability density function of the ocean surface height, which is assumed to have a Gaussian distribution as [26] 
where C is
where W D is the wind direction; σ 2 up and σ 2 cross are the mean surface slopes (MSSs) of alone up-and cross-wind, and can be estimated from the ocean wave spectrum by integration. The Elfouhaily's unified spectrum [27] parameterized on the wind speed considers the influence of fetch and has been widely used in GNSS-R [28] , [29] , therefore, it is also used in this paper. According to [30] , the GNSS signal is sensitive to surface wave at ∼ 50 cm scale in wavelength and longer. Swell increases the larger-scale roughness that has major contribution to the reflected GNSS signals. However, Elfouhaily's spectrum is a wind-driven spectrum and ignores the impact of swell. In addition, it is assumed that the sea is fully developed in this paper, however, the influence of the seabed and coast on the sea conditions of the coastal sea region makes this assumption dissatisfactory. These will produce an error in wind speed which retrieved by the developed model based on Elfouhaily's spectrum and the assumption of fully developed sea.
III. OBSERVABLE AND SINGLE FACTOR ANALYSIS
In contrast to using the whole DW as an observable [23] , some other observables have been proposed to link directly with wind speed. In [24] , four observables-the weighted area, the 2-norm Euclidean distance, the distance from the geometric center to the peak of the DDM, and the 1-norm Euclidean distance were proposed as sensitive parameters to wind speed. The bi-static radar scattering cross (BRCS) was estimated using reflected signals near the specular point to retrieve wind speed in [31] . Those parameters, as well as other properties of DW or DDM, such as trailing or leading edge slopes, have been demonstrated to be sensitive to wind speed using airborne or spaceborne experiments. To meet the requirement of a 25 km spatial resolution for the CYGNSS mission and to deal with the problem that observables are not sensitive to a high wind speed, generalized linear observables-a linear combination of the correlation power near the peak of the calibrated DDM using the optimization producing maximum signal-to-noise ratio, the minimum variance of wind speed, and principal component analysis-were defined, and their performances were analyzed by simulation [32] . However, only the proposed observables above used to directly develop the relationship with wind speed, and other influential factors, such wind direction, flight height, and elevation angle, were ignored, so the model's application in different flight scenarios is limited. Therefore, developing a model that can be applied in different scenarios is essential. This needs to consider all factors that influence the observables of the DW or the DDM. Here, the NDW width, defined by a given threshold, as shown in Figure 1 , is chosen as an observable which is defined as the function of geometrical and geophysical parameters, including the wind speed, wind direction, flight height, and elevation angle:
where B idB represents the idB (idB is the absolute value of the threshold) width of NDW; W S is the wind speed; W D is the wind direction; h r is the flight height; and θ is the elevation angle. The size of the measurement footprint corresponding to a given NDW width could be defined as [33] 
where τ max is the maximal delay corresponding to the threshold of defining the NDW width;
Step function.). From the above definition, it is seen that the size of the measurement footprint is relative to not only the flight scenario, such as flight height of the aircraft and elevation angle, but also wind speed and wind direction. This implicates that for different observation scenarios retrieved wind speed are the averaged measurement over different areas. As given in Figure 2 , the size of the footprint is under ∼ 10 km scale. In this paper, it is assumed that the size of the footprint is less than the fetch length, i.e. the wind speed is unified in the footprint. 
A. WIND SPEED
With an increase in wind speed, the sea surface becomes rougher so that the components of signals at the specular point decrease. Inversely, the component of signals arriving at the receiver with a path length longer than that of specular point increases, as illustrated in Figure 3 . The changes of 3 dB, 6 dB, 9 dB, and 12 dB in the NDW width with wind speeds from 1 to 20 m/s are given in Figure 4 , in which it is noted that the reduction of sensitivity is extremely dramatic when the wind speed rises, which directly results in the loss of retrieval accuracy at a high wind speed. The main reason for this phenomenon is that energy redistribution changes more quickly when the wind speed changes in the low wind speed range, but as the wind speed increases, the glistening area increases at a lower rate so the energy redistribution slows down [2] . The lines in Figure 4 show the relationship between the NDW width and wind speed which can be fitted by logarithmic function:
where a s , b s and c s are fitted coefficients.
B. WIND DIRECTION
The sensitivity of the DW to the wind direction depends on the asymmetry of the energy distribution, as shown in Figure 5 in which the wind direction is in reference to the direction of the incidence plane of the signals. The main energy concentrates on the area of the first iso-range ellipse. It is noted that energy spreads to the second and third isoellipses with the changing of wind direction from along the incident plane to the vertical plane of signals, but the expanded energy is a small percentage of all energy. In addition, the distribution of energy is symmetrical on the incident plane with wind directions of 45 • and 135 • . Therefore, the wind direction has less influence on NDWs located near the peak of the NDW; the influence of the wind direction on DW is symmetrical to the wind direction of 90 • when the wind direction changes from 0 • to 180 • . The dependence of DW on the wind direction from 180 • to 360 • is the same as that for the wind direction from 0 • to 180 • [34] . Therefore, the simulation on the dependence of the NDW width on the wind direction was performed only from 0 • to 180 • . Figure 6 shows that the wind direction has little influence on 3 dB and 6 dB widths, and has a little impact on 9 dB and 12 dB widths; the dependence is symmetrical to the wind direction of 90 • , as analyzed above. The lines in Figure 6 are curves fitted by
where a 0 , A and B are fitted coefficients.
C. FLIGHT HEIGHT
When increasing the flight height of the aircraft, the maximum power of DW decreases because of the longer propagation path. In addition, power spreads to a longer delay, VOLUME 7, 2019 as shown in Figure 7 . Correspondingly, the NDW width becomes wider as the flight height becomes higher. Figure 8 presents the change in NDW width as the flight height increases. The dependence of the NDW width on the flight height is approximately linear:
where k and b are fitted coefficients.
D. ELEVATION ANGLE
The integration area is usually the glistening zone which is the main area in which microwave signals are scattered. The variety of elevation angles will change the shape of the glistening zone, which is approximately ellipse, as presented in Figure 9 . When the elevation angle increases, the shape of the glistening zone decreases, and the eccentricity ratio of ellipse trends to 0. In addition, the reflected power concentrates on the specular reflection point. Hence, the NDW width decreases as the elevation angle increases. The dependence of the NDW width on the sine of the elevation angle, as shown in Figure 10 , is approximately linear:
where p and q are fitted coefficients.
IV. RETRIEVAL MODEL
The retrieval model links NDW width, flight height and elevation angle to wind speed. To metric the performance of retrieval model, the correlation coefficient and root mean square error are used here as
where X retrieved and X true are the vectors of the measurement and truth, in this paper are retrieved and in-situ wind speed;
· and VAR (·) are the averaging and variance operators.
A. REGRESSION MODEL
The NDW width is mainly determined by the wind speed, wind direction, flight height, and elevation angle. Multiple regression [35] was adopted to establish the relationship between the NDW width and the influential factors. According to equations (8)∼ (11), ln(0.4W S ), cos(0.035W D ), h r , and sin θ can be considered as the independent variables of the multiple regression:
where is the random error; β 0 , β 1 , β 2 , β 3 and β 4 are regression coefficients which are obtained using the following steps: 1) Generation of a 4000-element random set that includes wind speed, wind direction, flight height, and elevation angle; 2) Generation of 5000 DWs for each random set using the simulation above; 3) The averaging of 5000 DWs, the subtraction of floor noise, and normalization using the peak of the average DW; 4) Calculation of the corresponding idB NDW width of each random set; 5) Estimation of β 0 , β 1 , β 2 , β 3 and β 4 using the leastsquares method with the significance level of 0.05. In multiple regression, it is important that the significant variables that have the biggest contributions to the dependent variable are selected, and some secondary variables are removed to simplify the model. In addition, it should also be considered that if the wind direction, which is a retrieved parameter in the inverse problem, is neglected, this has a great influence on the results of the regression. Therefore, the variable as given in the following should be defined to quantitatively estimate the influences of independent variables on the result of the regression in (14):
where R is the correlation coefficient of equation (14); and R i is the correlation coefficient of equation (14) which ignores the i th independent variable. Table 1 gives the r i values for NDW widths of 3 dB, 6 dB, 9 dB and 12 dB, in which it is noted that the contributions of wind speed and height to the regression result account for more than 90% of the total contribution. Therefore, it is acceptable to ignore the wind direction as an independent variable. The model that retrieves wind speed can be obtained by inversely solving a simplified model that ignores the wind direction and elevation angle in (14) :
where α 0 = 1/β 1 , α 1 = β 0 /β 1 , α 2 = β 3 /β 1 , which can be obtained by directly fitting the wind speed with the NDW width, flight height using surface fitting in practical applications. To consider the problem of whether the model above performs properly on new data sets, the other data set, called the validation set, should be generated to verify the correctness of the proposed model. Figure 11 shows the retrieval performance using the validation set and model (17) , in which it is clear that the poor performance is obtained regress less of the defined NDW width. The main reason for this is the influences of the wind direction and elevation angle. To improve the accuracy of the retrieved wind speed, elevation angle should be considered in regressed model as
where α 3 = β 4 /β 1 . As shown in Figure 11 , the insignificant improvement in retrieval performance is obtained after considering elevation angle as the input variable in regression model. This illustrates that the contribution of the function term of the elevation angle on the multiple regression is less than that of wind speed and flight height and the elevation angle is almost ignored in processing of the regression. To significantly reduce the impact of the elevation angle on the retrieving wind speed, the elevation angle is divided in different bins in which the influence of the elevation angle is ignored to regress NDW width and flight height to wind VOLUME 7, 2019 speed using model (17) . The final expression to derive wind speed is
where α 0 (θ) ∼ α 2 (θ) are given using Look-Up Table (LUT) which is constructed by assigning a single elevation to each elevation bin. As illustrated in Figure 11 , it is clear that through constructing a LUT of α 0 (θ) ∼ α 2 (θ), the retrieved wind speed has higher accuracy than the ones using model (18) . In addition, the best accuracy with the correlation coefficient of 0.76 and the RMSE of 3.53m/s is obtained when the NDW width defined by the threshold −1.5dB. It should be noted that the accuracy obtained using regressed models all are over the requirement with the RMSE of 2m/s. To better regress wind speed to NDW width, flight height and elevation angle, Artificial Intelligence (AI) methods, such as Neural Network (NN), can be used to develop the predictive model to replace the analytic function as shown by model (19) .
B. NEURAL NETWORK MODEL
According to the Table 1 , the wind direction has less impact to retrieval the wind speed. The neural network can offer high flexibility and powerful learning capability so that it can replace the analytical function to implement a regression. Therefore, the wind direction is also negligible for BP neural network model. NN has been used to solve forward and inverse problems in atmospheric and oceanic satellite remote sensing [36] , [37] . In regressions, the selection of two works that develop explicit mapping between independent and dependent variables and the use of independent variables that have greater contributions to the regression should be considered, primarily. However, this clear mapping is usually unknown so that an approximate model like (19) is developed as a replacement. This could cause a reduction in the final retrieval performance. Otherwise, neglected variables also impact retrieval results. Compared with regression, NN deals better with complex and fuzzy mapping. Therefore, NN is used in the GNSS-R retrieval algorithm to substitute the analytical model above to obtain a better performance. NN essentially involves an input layer, one or more hidden layers, and an output layer, in which each layer includes several nodes that are fully interconnected with each other by weight, biases, and transfer functions. The BackPropagation (BP) network, which propagates back error to update weights and biases using an optimization technique to minimize error, is adopted in this paper. To get the proper NN model, the data used to develop the model is usually divided into two parts: a training set and a validation set. The first set, presented in Section V, is employed as the training set, and the second is used as the validation set. The number of input nodes is three including NDW width, flight height and elevation, correspondingly, the output is wind speed. In the BP network, the hidden layer usually consists of one layer, and the number of nodes in the hidden layer and the neuron functions in the hidden and output layer directly determines FIGURE 12. BP network architecture in which the input layer has three nodes including NDW width, flight height, and elevation angle; the output parameter is wind speed.
FIGURE 13.
The correlation coefficient and RMSE between the retrieved wind speed using the Back-Propagation (BP) network for different numbers of nodes in the hidden layer and the true wind speed in the validation set when the neuron functions in the hidden and output layer are sigmoid and purelin function, respectively. the network performance. Overfull, more nodes make the learning time longer, and errors may be not optimal, but the use of too few nodes may lead to a performance decrease. Therefore, selecting the proper number of nodes in the hidden layer is usually a considered problem. Figure 12 shows the BP network adopted in paper, in which f 1 (x) and f 2 (x) are the neuron functions in the hidden and output layer, respectively. According to the empirical formula [38] √ n i + n o +m (where n i and n o are respectively the number of input and output nodes and m is an arbitrary number from 1 to 10), the number of hidden layers can be chosen from 3 to 12. The relationship between the training performance and the number of nodes in the hidden layer is presented in Figure 13 where the correlation coefficient is given between the retrieved and true wind speeds. This clearly demonstrates that the improvement in the number of nodes in the hidden layer leads to a better performance in the regression. Therefore, a 12-node hidden layer is adopted to develop the model retrieving wind speed. Sigmoid function 1/(1 + e −x ), tanh function (e x − e −x )/ (e x + e −x ) 
FIGURE 14. Relationship between the retrieval accuracy and the wind speed for model (19) (top) and the BP network (bottom).
and purelin function x are widely used in the hidden and output layer as the neuron function. Table 2 presents the RMSEs of retrieved wind speed for different combinations of the neuron functions in the hidden and output layer. Compared to the sigmoid and tanh function used as the neuron function in output layer, the purelin can obtain better performances. The main reason is that the purelin allow the output of the network to take the wider range of values than the sigmoid and tanh function. Moreover, when the purelin is used in the hidden layer, the test results are worse than the ones of the tanh and sigmoid because the purelin limits the nonlinearity of the network. Therefore, the tanh and purelin are applied as the neuron functions in the hidden and output layer respectively in the following work.
V. ACCURACY ANALYSIS A. ACCURACY VS. WIND SPEED
As mentioned previously, for high wind speeds, the sensitivity of the NDW width on the wind speed decreases. This could result in a decline in the retrieval accuracy. Thus, the relationship between the retrieval accuracy and wind speed needs to be studied. As shown in Figure 14 , at wind speed of less than 14 m/s, the trend that the retrieval accuracy of both model (19) and the BP network is slowly changing as the wind speed increases. The retrieval accuracy of model (19) is less than 4 m/s, and that of the BP network is lower than 2.5 m/s. However, for wind speeds higher than 14 m/s, both retrieval accuracies appear to have a tendency to rapidly become worse because of the decreasing sensitivity of wind speed. The other factor resulting in the error of wind speed is the inherent bias of the regression. The bias of retrieved wind speed are defined: (20) where W true is the true wind speed; W retrieved is the wind speed retrieved using model (19) and the BP network, respectively. Figure 15 shows the bias of retrieved wind speed from 0 to 5 m/s, from 5 to 10 m/s, from 10 to 15 m/s and from 15 to 20 m/s, in which four conclusions can be obtained: 1) in terms of error, inherent error exists regardless of whether model (19) or the BP network is used; 2) for both retrieval models, the biases of wind speed at high (15∼20 m/s) wind speeds are more significant than the wind speed under 15m/s; 3) the model (19) has best regression accuracy for the wind speed from 10 to 15m/s, however, the best regression of BP network is from 0 to 5m/s; 4) compared with model (19), the BP network could better regress NDW width, flight height and elevation angle to wind speed to provide the higher accuracy of retrieved wind speed.
B. ACCURACY VS. INCOHERENT AVERAGING
The delay waveform of reflected GNSS signal is distorted by the additive thermal and multiplicative speckle noise which could be modeled by the chi-squared distribution and the unitmean exponential distribution. Usually, successive snapshots are incoherently averaged to reduce the influence of the noise. The accuracy of retrieved wind speed is impacted by thermal and speckle noise. Hence, analyzing the relationship between the accuracy of retrieved wind speed and the number of incoherent averaging is needed so that a proper averaging number can be chosen. Here, the 3dB and 6dB NDW width are respectively selected as the input variable of the model (18) and BP network. Figure 16 illustrates the improvement of retrieval performance as the number of incoherent averaging increases. When the number of incoherent averaging is over 1000, this improvement becomes slow and finally trends towards a limitation of retrieval performance. This conclusion suggests that to guarantee the expected optimal measurement, the number of incoherent averaging should be configured as the larger value-at least, larger than 1000.
VI. EXPERIMENT A. SCENARIO DESCRIPTION
The airborne experiment was conducted in the south sea of China from 11 February to 10 March, 2009. Beihang University and the Institute of Remote Sensing Application of China dispatched YUN 7 aircrafts to collect direct and reflected GPS signals. In the experiment, an RHCP antenna with a 3 dB width of 90 • was installed at the top of aircraft, and a 4-array LHCP antenna with a 3 dB width of 38 • and a peak gain of 12.4 dB was installed at the bottom, as shown in Figure 17 . A detailed introduction about the instrument and the experimental campaign can be found in [39] . Flights are carried out for seven times in the experiment; each one continued for about 2-3 hours and, in total, about 600 GB of data was collected. The collector, as shown in Table 3 , was developed by Beihang University. The data processing was optional between the hardware and the software receiver. In this paper, software processing was chosen to obtain high-resolution DW. 
B. DATA PROCESSING
A software Delay Mapping receiver (DMR), as given in Figure 18 , was used to process synchronously direct and reflected GPS signals. The direct channel (above dotted line) involves the complete procedure of positioning, which consists of acquisition, tracking, and calculation of the location. The reflected channel (below dotted line) is composed of multiple cross-correlates which perform correlation processing between reflected signals and multiple local replicas which have different delay phases. The processing of direct signals mainly aims to aid in the processing of reflected ones through providing local replicas and positioning results. The local carrier replicas of direct and reflected channels are multiplexed. However, the local code replicas of the reflected channel are generated by the lagging direct replica τ as
where h r and θ are the flight height and elevation angle, respectively, which are the positioning results of the direct channel; c is the light speed; τ is the delay resolution; and n is a series of natural numbers by which the delay range is determined. As analyzed above, consecutive DWs should be averaged to improve the final retrieval performance. Here, the coherent integration time is 1 ms, and the number of incoherent averaging is configured as 1000. To compute the NDW width, the DW output by DMR should be pre-processed including: 1) subtracting the floor noise; 2) normalizing the DW using its peak; 3) interpolating the NDW to improve its resolution; and 3) estimating the NDW width.
C. WIND SPEED RETRIEVAL AND ANALYSIS
The comparison of retrieval results between proposed models in this paper and the matching method was performed. Meanwhile, the wind speed from the National Centers for Environmental Prediction (NCEP) Climate Forecast System (CFS) [42] are also used to compare.
1) REVIEW OF THE MATCHING METHOD
The matching method is based on fitting the theoretically modeled waveform as expressed by (1) into the measured DW to make the sum of deviation square minimal. In retrieving processing using the matching method, the alignment of measured and simulated DWs is important, which means that an observable that has no relationship with wind speed should be found or a precise delay between the direct and reflected 
TABLE 4.
Comparison of results of wind speed retrieval using model (19) , the BP network, and the matching method, and one from NCEP-CFS.
signals can be estimated. In [40] , measured and simulated DWs were aligned by aligning their leading edges. However, the processing of the alignment of leading edges actually also needs matching, which decreases the efficiency of wind speed retrieval. In [41] , it was proven that the time corresponding to the maximum of the derivative of DW is just relative to the delay between the direct and reflected signals. Therefore, the peak of the derivative of DW was used to align measured and simulated DW as it is a parameter that is not sensitive to wind speed. Figure 19 gives the measured DW at 10:00 on 11 February and simulated ones for wind speeds of 1.5, 2.0, 2.5 m/s, in which by comparing the sum of deviation square under the conditions of different wind speeds, the observed wind speed is 2.0 m/s.
2) COMPARISON OF RESULTS
Fourteen fly scenarios from 11 February to 10 March, as shown in the first column of Table 4 , were selected to retrieve the wind speed. By comparing results retrieved by the proposed models in this paper to wind speed retrieved using the matching method and the in-situ wind speed obtained through spatio-temporal interpolation of NCEP-CFS, the correction of models was verified. The fifth and sixth columns of Table 4 show the retrieved wind speed using model (19) for 3dB and 6dB NDW width, in which the RMSEs of the retrieved wind speed and insitu wind speed are 1.93 and 2.27 m/s, respectively. Correspondingly, the RMSEs of wind speed between the BP network and in-situ wind speed are 1.79 and 2.52 m/s. The RMSE of wind speed retrieved using matching method and in-situ wind speed is 2.03 m/s. It is clear that the model (19) and BP network could obtain the same accuracy level of retrieved wind speed with the matching method, however, compare with the matching method, they need less time to retrieve wind speed to improve time efficiency. It should be noted that the proposed methods are based on the wind-driven Elfouhaily's spectrum, and the assumption that sea is fully developed and wind speed is unified in the footprint. In fact, the sea conditions of the coastal sea region are also impacted by the swell, seabed and coast. All these result in the error in retrieved wind speed. This is also the reason why some retrieved wind speeds in Table 4 have significant errors compared to in-situ wind speed.
VII. CONCLUSIONS
The primary goal of this paper was to develop the model which not only links observables with the wind speed for specific flight scenarios, but also could be suitable for more scenarios through considering more factors influencing the airborne GNSS-R observable. The NDW width was linked with its influential factors including the wind speed, wind direction, flight height, and elevation angle, by a singlevariable function. Through exploring the contribution of each independent variable to NDW width using a training set, it was found that the wind direction has much weaker impacts than the wind speed, flight height and elevation angle. Therefore, when using NDW width as the observable to retrieve wind speed, the influence of flight height and elevation angle should be removed or reduced.
Multi-regression in which NDW width, flight height and elevation angle are considered as the independent variables and wind speed is taken as the dependent variable was used to develop the model of retrieving wind speed. The test results showed that a retrieval accuracy with an RMSE of over 3m/s is obtained. In order to improve the retrieval accuracy, the BP network which had 12-nodes in the hidden layer was trained to replace the analytical model above. The test results illustrated that under the same input conditions with the analytical model, the correlation coefficient was more than 0.9, and the RMSE was lower than 2.5 m/s. Obviously, compared to the analytical model, the BP network obtains a more significant retrieval performance. Both analytical model and BP network had inherent regression biases, especially at high wind speed ranging from 15 to 20m/s so that both the analytical model and BP network appeared to a tendency that retrieval accuracy rapidly become worse at wind speeds higher than 16 m/s. In addition, thermal and speckle noise had the important impact on the accuracy of retrieved wind speed. To reduce the influence of the noise, the number of incoherent averaging should be over 1000.
Finally, the real airborne data were processed to validate the proposed methods. Both proposed models and the matching method were utilized to retrieve the wind speed to compare with in-situ wind speed from NCEP-CFS. The analytical model could obtain the accuracy of 1.93 and 2.27 m/s for 3dB and 6dB NDW width, correspondingly, the trained BP network had the accuracy of 1.79 and 2.52 m/s which is the same accuracy level with matching method. The sea surface wind speed during the airborne campaign is relative small (3-5 m/s), there could be strong coherent component in the power waveform of the reflected signal [43] , [44] . The effects of the coherent component in wind speed retrieval especially for the low wind speed case will be studied in further research. With the moderate-to-high wind speed [45] , we will consider the ACF of different PRNs of GPS, and also put the frequency response into the regression model in further research. QIANG WANG was born in Shandong, China. He received the M.S. degree in communication and information system from Liaoning Technical University, Fuxin, China, in 2013. He is currently pursuing the Ph.D. degree in communication and information system with Beihang University, Beijing, China. His research interest includes ocean remote sensing using global navigation satellite systems reflectometry (GNSS-R).
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